High-resolution, satellite-retrieved precipitation products are useful input data for hydrological predictions and water resources management, especially in developing countries where the availability of ground-based rainfall measurements with high spatial coverage is very limited. In this study, four widely-used satellite rainfall estimates (TMPA-3B42V7, TMPA-3B42RT, PERSIANN, and CMORPH) are evaluated on a dense raingauge network over six regions in Iran with various physiographic and climate conditions. Assessments are implemented at the daily scale for different seasons during the 5-year period [2003][2004][2005][2006][2007][2008]. Overall, the results show that 3B42V7 leads to better performance than the other three products over different terrains. According to the relative bias (RBias), one of the verification metrics used in this study; 3B42V7, with an average value of 13.43% over all the regions, matches best with the raingauge observations, while PERSIANN and 3B42RT overestimate precipitation by 78.13% and 31%, respectively. But, CMORPH with RBias of −17.6% tends to underestimate the rainfall amount. Furthermore, the evaluations over different seasons indicate that the best performance for PERSIANN and both TMPA products is during the winter, while for CMORPH it is during the autumn season. From the critical success index (CSI), used to assess the rain detecting skill of satellite products, one can conclude that PERSIANN leads to better estimations during the winter and summer, 3B42RT during the spring, and CMORPH during the autumn. Generally, the analyses implemented in this research provide quantitative information of error characteristics associated with satellite precipitation products over different parts of Iran and thus will offer users a better understanding of satellite rainfall estimates' applicability in this area.
Introduction
High spatial and temporal resolution of precipitation, as the key input data to hydrological models, is essential for accurate hydrological prediction and reliable water resources management. Generally, the availability of conventional raingauges and ground-based meteorological radar data with high spatial coverage is rather limited, particularly over remote regions and complex terrain (Yong et al. 2012) . Therefore, satellitebased precipitation products that provide uninterrupted estimations of rainfall data can be appropriate complements to raingauge and radar measurements. However, due to the indirect nature of satellite measurements, satellite rainfall estimates (SREs) are subject to significant uncertainties and need to be evaluated before use (AghaKouchak et al. 2009 ).
Use of SREs to retrieve information on rainfall occurrence, amount and distribution over a region has grown significantly in the past two decades. Several high-resolution SREs are now available from various agencies and institutions, for example, the Tropical Rainfall Measuring Mission (TRMM) Multisensor Precipitation Analysis (TMPA) (Huffman et al. 2007) , the Climate Prediction Center Morphing technique (CMORPH) (Joyce et al. 2004) , Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks (PERSIANN) (Hsu et al. 1997) , PERSIANN-CCS (Cloud Classification System; Hong et al. 2007) and Global Satellite Mapping of Precipitation (GSMaP) (Ushio et al. 2009 ). The evaluation of SRE accuracy has been carried out at different spatial and temporal resolutions over several regions of the world (Hughes 2006 , Hong et al. 2007 , Tian et al. 2007 , Su et al. 2008 , Kubota et al. 2009 , Li et al. 2009 , Dinku et al. 2010 , Hirpa et al. 2010 , Behrangi et al. 2011 , Bitew and Gebremicheal 2011 , AghaKouchak et al. 2012 , Moazami et al. 2014 . Yong et al. (2012) Also, during the third period, rainfall estimates had higher correlations with independent gauge observations. Jiang et al. (2012) evaluated three satellite precipitation products (TMPA-3B42V6, TMPA-3B42RT, and CMORPH) with a dense raingauge network in the Mishui basin in South China. Their analyses demonstrated that 3B42V6 matches best with the raingauge observations, while the two near real-time satellite datasets (3B42RT and CMORPH) largely underestimate precipitation. However, for Iran which is the focus of this research, few studies associated with evaluation of satellite-based rainfall products have been reported. Javanmard et al. (2010) , compared TMPA-3B42V6 rainfall estimates with gridded precipitation dataset , respectively. Moazami et al. (2013) , evaluated daily rain rates derived from three satellite precipitation products (PERSIANN, TMPA-3B42V7, and TMPA-3B42RT) using raingauge observations over the entire country of Iran. Evaluation was based on the analysis of 47 significant rainfall events that occurred during winter and spring seasons in the period [2003] [2004] [2005] [2006] . Their results indicated that 3B42V7, with an average bias value of -1.47 mm d -1 , leads to better estimates-daily precipitation than those of PERSIANN and 3B42RT.
It is important to note that different types of satellite precipitation data might have variable accuracy and thus distinct hydrological utility in different regions. This plays a role in determining the optimal precipitation product for a given region (Jiang et al. 2012) . Therefore, the main objective of this study is to focus on evaluation of four widely-used, high resolution satellite precipitation estimates (PERSIANN, TMPA-3B42V7, TMPA-3B42RT and CMORPH) through detailed comparison with raingauge observations over Iran as reference data. It is noteworthy that Iran consists of regions with various physiographic and climate conditions and, hence, in the current work, the accuracy evaluation of the satellite products is implemented under different topographical and climatic settings.
Also, the results of this research can be particularly useful for hydrological applications in data-sparse and ungauged basins across Iran, a developing country which suffers from a raingauge network with variable spatial coverage. The present work is organized as follows: Section 2 introduces the study area and data resources used; Section 3 describes the proposed methodology and statistical indices; Section 4 details the results and discussion; and Section 5 presents the summary and conclusions.
2 Study area and data resources
Study area
Considering Fig. 1(a) , Iran is a mountainous country, 60% of which is covered by two mountain ranges, the Alborz Mountains in the north and the Zagros Mountains in the western and southwestern parts of country. However, the central parts of the country are covered by two dry deserts, the Dasht-e-Kavir and Dasht-e-Lut. These varied conditions of terrain and topography play a significant role in climate regimes, so there are large temporal and spatial variations of precipitation over the country. The average annual rainfall for the entire country is about 250 mm ranging from 50 mm for desert parts to 1600 mm for the Caspian Sea coastal area. In addition, Iran suffers from climatic extreme events, such as repeated droughts and heavy floods. The most intensive droughts have occurred in the last decade, especially in southeastern and central parts of the country; however, flooding is the dominant natural hazard in northern, northwestern and southwestern parts of Iran. Therefore, it is highly important to investigate the potential of SREs for extreme events assessment and monitoring over Iran where in situ raingauges are either sparse or scant. As seen in Fig. 1(b) , Iran (25°-40°N, 44°-64°E), with a total area of 1648 195 km 2 , is divided into 31 provinces. Modarres and Sarhadi (2011) divided the spatial distribution of rainfall over the entire country into eight groups to quantify regional rainfall patterns of Iran ( Fig. 1(c) ). They used annual precipitation of ground stations for the period of 1952-2003. However, because the purpose of this study is to evaluate satellite rainfall estimates over different terrain in Iran, the authors have selected six groups out of those eight which have diverse geophysical and climate conditions. Then two provinces located within each selected group which have uninterrupted data series of raingauge observations for the period from 2003 to 2008 were determined. Therefore, this study focuses on a total of 12 provinces located in different parts of Iran. Figure 1(b) shows the selected provinces as follows: Region 1: Khorasan Razavi and Kerman covered by desert with an arid and semi-arid climate; Region 2: Tehran and Charmahal, including the 
Data resources
The reference dataset employed in the present research is based on a dense network of daily raingauge observations provided by Iran Water Resources Management Co. (IWRM) (See Fig. 2(a) ). The daily ground observed rainfall data are derived from approximately 1000 raingauges distributed over all the study regions during the five years from 2003 to 2008. The satellite rainfall products used in this study are based on PERSIANN, TRMM and CMORPH algorithms. The PERSIANN system uses neural network function classification/approximation procedures to compute an estimate of rainfall rate at each 0:25 Â 0:25 pixel of the infrared (IR) brightness temperature (Tb) image provided by geostationary satellites. An adaptive training feature facilitates updating of the network parameters whenever independent estimates of rainfall are available. The PERSIANN system was based on geostationary infrared imagery and later extended to include the use of both infrared and daytime visible imagery. The PERSIANN algorithm used here is based on the geostationary long-wave infrared imagery to generate global rainfall. Rainfall products are available from 50°S to 50°N globally. The system uses grid infrared images of global geosynchronous satellites of the Global Online Enrollment System, GOES-8 and GOES-10; the Geostationary Meteorological Satellite, GMS-5; (meteorological satellites, Metsat-6 and Metsat-7 provided by the Climate Prediction Center (CPC), and the National Oceanic and Atmospheric Administration (NOAA) to generate 30-minute rain rates, which are aggregated to 6-hour accumulated rainfall. Model parameters are regularly updated using rainfall estimates from low-orbital satellites, including TRMM, NOAA-15, −16 and −17 and Defense Meteorological Satellite Program (DMSP) F13, F14 and F15. In this study, the 6-h temporal and 0:25 Â 0:25 latitude/longitude spatial scales of PERSIANN data are employed through the http://chrs.web.uci.edu/. Then, the daily PERSIANN data are computed by aggregating 6-h data into 24-h datasets in order to synchronize satellite estimates with raingauge measurements. The TMPA provides global precipitation estimates from a wide variety of meteorological satellites (Huffman et al. 2007 (Huffman et al. , 2010 . Indeed, the TMPA estimates are available in the form of two products, a near real-time version (3B42RT) (approximately 3-9 h after real time) and a gauge-adjusted post-real-time research version (3B42) (approximately 10-15 days after the end of each month) within the global latitude belt ranging between 50°N and 50°S. Both 3B42RT and 3B42 have 3-h temporal and 0:25 Â 0:25 spatial resolution. The 3B42RT uses the TRMM Combined Instrument (TCI) dataset, which includes the TRMM precipitation radar (PR) and TRMM Microwave Imager (TMI), to calibrate precipitation estimates derived from available Low Earth Orbit (LEO) microwave (MW) radiometers. The 3B42RT then merges all of the estimates at 3-h intervals, and the gaps in the analyses are filled using Geosynchronous Earth Orbit (GEO) infrared (IR) data calibrated regionally to the merged MW product. The 3B42 adjusts the monthly accumulations of the 3-h fields from 3B42RT based on a monthly gauge analysis, including the Global Precipitation Climatology Project (GPCP) 1 Â 1 monthly raingauge analysis and the Climate Assessment and Monitoring System (CAMS) 5
Â 5 monthly raingauge analysis (Huffman et al. 1997) . Note that, in the current study, the daily data are computed by aggregating 3-h temporal resolution data over 24-h periods for both TMPA products. The CMORPH produces global precipitation analyses at very high spatial and temporal resolution. This technique uses precipitation estimates that have been derived from low orbiter satellite microwave observations exclusively, and whose features are transported via spatial propagation information that is obtained entirely from geostationary satellite IR data. It is extremely flexible in that precipitation estimates from any MW satellite source can be incorporated (Joyce et al. 2004) . The MW observations used in CMORPH include: SSM/I (Special Sensor Microwave Imager) on DMSP 13, 14 and 15 satellites, AMSR-E (Advanced Microwave Scanning Radiometer Earth Observing System) on Aqua (a multi-national NASA scientific research satellite in orbit around the Earth, studying the precipitation, evaporation and cycling of water), AMSU-B (Advanced Microwave Sounding Unit) on NOAA-15, −16 and −17 satellites, and TMI on TRMM. The IR data employed in CMORPH come from the same satellites with TMPA. In effect, IR data are used as a means to transport the microwavederived precipitation features during periods when microwave data are not available at a location. Currently, the CMORPH products have two high-resolution versions, as follows: one with temporal and spatial resolutions of 3 h and 0:25 Â 0:25 , respectively, and the other with higher temporal and spatial resolutions of 30 min and 8 km at the Equator, respectively, with both datasets covering the area from 60°S to 60°N globally. In this research, the former CMORPH dataset, being released as an official version, is used; however, the daily data are computed by aggregating 3-h data over 24 hours.
Figure 2(a) shows the grid of satellite pixels with a spatial resolution of 0:25 Â 0:25 latitude/longitude for three algorithms (PERSIANN, TRMM and CMORPH) over Iran. It also shows the location of all raingauges distributed over the country. In addition, Fig. 2 (b) and (c) display, respectively, the average elevation of raingauges within each selected pixel and the digital elevation model of the study area.
Validation
In this study, the daily precipitation of gauge observations are used as reference data to evaluate the satellite products. Satellite-retrieved precipitation is continuous and represents an areal rain rate at each pixel, while gauge-observed rainfall is at a particular point in a location. Hence, to make an appropriate comparison between the two sources, the satellite pixels with a significant number of gauges should be used. However, in the current work, the existing number of gauge stations across the study area is limited (see Table 2 ), and thus to evaluate more pixels, the authors decided to use pixels which contained at least one raingauge. The true areal average rainfall over a pixel is the rainfall measured by the raingauge located within that pixel. Similarly, for a pixel with two or more raingauges, the true areal average rainfall is the average value of those raingauges located within it. Table 2 provides information on the number of gauges included within the satellite pixels analysed. As seen in Table 2 , the number of pixels with one gauge is 275 (more than 50%) only 53 (10%) of pixels have more than three gauges. Note that the total number of studied pixels over all the regions is 527.
Evaluation statistics
To evaluate the performance of SREs, five statistical metrics are used (equations (1)- (5)), as follows: (a) Bias, defined as the average difference between satellite estimates and raingauge observations. The value of Bias can be positive as well as negative; positive Bias indicates overestimation of rainfall amount, while a negative Bias indicates underestimation. (b) Relative bias (RBias) describes the systematic error of the satellite precipitation. Similar to Bias, positive and negative values of RBias indicate, respectively, overestimation and underestimation of rainfall amount. (c) The mean absolute error (MAE) is used to represent the average magnitude of the error. (d) The root mean square error (RMSE) which gives a greater weight to the larger errors relative to MAE, is used to measure the average error magnitude. A value of RMSE equal to zero means that there is no error between the estimated and the observed data and the error increases with increasing values of RMSE. (e) The correlation coefficient (CC) is used to assess the agreement between the satellite precipitation and raingauge observations. The value of CC is such that −1 < CC < +1. 
where P S i is the value of SRE for the ith daily event, P O i is the value of raingauge observation for the ith daily event, N is the number of daily rainfall events, P S is the average value of SREs for N daily events over each pixel, and P O is the average value of raingauge observations for N daily events over each pixel. Furthermore, three categorical statistical indices (Wilks 2006) , including the probability of detection (POD), false alarm ratio (FAR) and critical success index (CSI), are used in this study to assess the rain detecting skill of satellite products (Table 3 and equations (6)- (8)). The POD represents the ratio of the correct identifications number of rainfall by satellite product to the total number of rainfall occurrences observed by reference data; FAR denotes the fraction of cases in which the satellite records rainfall when the raingauges do not; and CSI shows the overall fraction of rainfall events correctly diagnosed by the satellite. Values of POD, FAR and CSI range from 0 to 1, with 1 being a perfect POD and CSI, while 0 is a perfect FAR.
Based on Table 3 the following equations can be defined:
where a represents the number of times that observed rain is correctly detected, b is the number of times that rain is detected but not observed, and c is the number of times that observed rain is not detected. Note that, in this study, for both satellite and gauge data a threshold of 1.0 mm d -1 is used to distinguish between rain and no rain. Also, throughout this paper, the aforementioned statistics for each region are derived based on region-averaged statistics (derived from daily values at each pixel corresponding to the region).
Results and discussion

Comparison of satellite products based on estimated rainfall amount
In this study, a comprehensive evaluation of four widely-used satellite precipitation estimates is implemented over different regions in Iran in order to investigate the performance of satellite products in rainfall measurement and detection across diverse topographic and climatic conditions. The evaluation is performed on a 5-year period from September 2003 to September 2008 and considers the impact of seasonal changes on satellite estimations. Figure 3 displays the density scatterplots of daily rainfall values estimated by satellite products against the corresponding gauge observations for the entire dataset (total five year period), autumn seasons (from 21 September to 20 December of each year), winter seasons (from 21 December to 20 March of each year), spring seasons (from 21 March to 20 June of each year), and summer seasons (from 21 June to 20 September of each year). Each mark in Fig. 3 represents an average value of daily rainfall at each selected pixel over the study area. With respect to Fig. 3 , the first row indicates that PERSIANN tends to overestimate for the entire dataset, while CMORPH underestimates precipitation for this period. Also, the rainfall values estimated by both 3B42 and 3B42RT compared to raingauge observations do not change considerably. However, in the autumn season, CMORPH tends to underestimate precipitation, whereas PERSIANN and 3B42 overestimate it. As shown in the remaining rows of Fig. 3 , both 3B42 and 3B42RT have a good agreement with the observed data for the winter and spring seasons, but underestimate in the spring. Also, PERSIANN indicates overestimated values for the winter and spring, but tends to underestimate for the summer season. Also, CMORPH underestimates the rainfall values in the winter season significantly and overestimates it in the summer, while it shows reasonable estimation for the spring season. In general, 3B42 data exhibit better agreement with the raingauge observations for the entire dataset, autumn, winter and spring seasons, while CMORPH estimations are better in the summer season. Moreover, as seen in Fig. 3 , in most of the cases, agreements are pretty good at low rainfall ranges. However, at high rainfall ranges, variations (underestimations) are quite large. Notice that the above-mentioned conclusions are associated with the six selected regions together; the detailed results for each region separately are described in the following sections of this study.
To directly assess the skill of different satellite products in capturing the monthly variation of rainfall over the six studied regions, the time series of four satellite precipitation estimations and gauge observations are compared over the 5-year (60 months) study period from September 2003 to August 2008 in Fig. 4 . As shown in Fig. 4(a) -(g), the series of 3B42 are in good agreement with the gauge-observed series. As Figure 3 . Density-coloured scatterplots of daily satellite precipitation estimates vs gauge observations for (first row) the entire dataset, (second row) autumn seasons, (third row) winter seasons, (fourth row) spring seasons and (fifth row) summer seasons.
shown in Fig. 4(a) , which represents the monthly averaged values over the six evaluated regions, PERSIANN tends to underestimate during autumn (SeptemberDecember) and summer (June-August) seasons, while it overestimates over the remaining months (winter and spring seasons). In contrast, CMORPH overestimates in the spring months (March-May) and underestimates in the other seasons. Also, both TMPA products demonstrate the same performance as the daily evaluation results indicated in Fig. 3 . In addition, to investigate the ability of satellite products to estimate precipitation values across the diverse topography, Fig. 4(b) -(g) compares the monthly rainfall time series of four satellite data with the raingauge observations over the six regions, separately. As shown in Fig. 4(b) , for Region 1, in the eastern part of country with an arid and semi-arid climate, PERSIANN overestimates rainfall amounts considerably over entire seasons, while CMORPH tends to overestimate in April-August (spring and summer seasons) and underestimate in the autumn and winter. Both TMPA products imply a reasonable agreement with the gauge observations in this part of the country for all the seasons. Over Region 2, in the central part of country with a mountainous climate, moderate weather and high elevation, Fig. 4(c) represents that 3B42 has the highest correspondence with the gauge data; although, 3B42RT overestimates the monthly precipitation values generally over the entire study period. Also, both PERSIANN and CMORPH data tend to underestimate over this area. As shown in Fig. 4(d) , Region 3 in the western part of country, with mountains and cold weather, displays overestimated values for PERSIANN and 3B42RT. However, 3B42 is in fine agreement with the raingauges. Compared with other regions, Region 4, close to the Persian Gulf and the Sea of Oman, with low latitude and elevation, as well as a tropical humid climate, indicates more consistent values of satellite estimates with raingauge observations for all seasons. As seen in Fig. 4(e) , all the satellite products and gauge measurements show approximately the same timing of maximum and minimum points. However, both TMPA data show reasonable agreement with the corresponding gauge values during the study period. It is noted that in this area, both PERSIANN and CMORPH tend to underestimate in cold seasons (autumn and winter) and overestimate in warm seasons (spring and summer). Over Region 5 (Fig. 4(f) ), close to the Caspian Sea with a temperate and wet climate, the best estimate is also associated with 3B42 data. In this area, CMORPH underestimates the rainfall value, while PERSIANN and 3B42RT tend to overestimate it during the study period. The last studied area (Region 6) contains two small provinces in the western and southwestern parts of country with cold and temperate weather as well as a mountainous climate. As shown in Fig. 4(g) , both TMPA products with approximately the same estimates show a good correspondence with the gauge data, while both PERSIANN and CMORPH tend to underestimate over Region 6 during all seasons.
Spatial pattern of SREs bias
To address the spatial distribution of Bias values of SREs, the daily averaged value of Bias for the entire 5-year dataset at each selected pixel over the study area is represented in Fig. 5 . The same results are displayed, respectively, in Figs 6, 7, 8, and 9 for the autumn, winter, spring and summer seasons. As Bias is the difference between the gauge and satellite data (equaequation (1)), a threshold of 0.25 mm d -1 is used to distinguish between overestimation and underestimation of satellite products at each pixel. Note that, according to equation (1), Bias values less than −0.25 mm d -1 and higher than 0.25 mm d -1 , respectively, imply underestimation and overestimation. It is assumed that in the range between −0.25 and +0.25 mm d -1 the satellite data demonstrate reasonable estimations of rainfall amount. In Figs 5-9, the dailyaveraged values of Bias distributed over the six studied regions are presented for each satellite product separately. As seen in these figures, the Bias values obtained over each region indicate similar conclusions to those in the previous section. In general, 3B42 data led to better estimates than those of 3B42RT, PERSIANN, and CMORPH over the entire study area.
Evaluation of satellite products in rainfall detection
To further characterize the rainfall detection limitations via satellite precipitation algorithms, three probabilities, POD, FAR and CSI, are examined in this section. These indices are assessed based on the 5-year-long daily dataset. Figures 10, 11 and 12, respectively, represent the average values of POD, FAR and CSI over all six regions, as well as for each region separately. With respect to Fig. 10(b) -(e), the comparison between four satellite products indicates that PERSIANN has the highest POD over all regions in the autumn, winter and spring seasons, while CMORPH tends to estimate POD better for the summer over all regions. In addition, as seen in Fig. 10(a) , the comparison of values of POD between different regions indicates that PERSIANN, with almost similar values over regions 1, 2, 3 and 6, has better performance in rainfall detection than regions 4 and 5. Also, the best values of POD for 3B42, 3B42RT, and CMORPH are obtained, respectively, over regions 6, 2 and 4. In contrast, regarding Fig. 11 , both TMPA products show lower FAR in the autumn over regions 1, 4 and 5, in the winter over all six regions, and in the spring over regions 1, 4, 5 and 6, while PERSIANN leads to better values of FAR over regions 2 and 3 in the autumn and spring seasons, as well as over all six regions in the summer. Figure 12 displays the value of CSI for satellite products over each region, and shows that PERSIANN estimates are better than those three products for the entire dataset, as well as in the winter season over regions 1, 2, 3, 5 and 6 however, CMORPH indicates better performance in the autumn season over regions 1, 4, 5 and 6. In the spring, PERSIANN also expresses higher values of CSI over regions 2, 3 and 5, although TRMM products have better results over regions 1, 4 and 6 in this season. In addition, PERSIANN shows better CSI than other investigated satellite products in the summer season. The quantitative results associated with POD, FAR, and CSI are presented in Tables 4-8.
Evaluation of SREs based on statistical metrics
Tables 4-8 list the obtained values of all the performance metrics for the total 5-year period, as well as each season over all the studied regions. In these tables the best and worst values for each statistic have been distinguished using bold and underline, respectively.
The principal conclusions of these tables can be summarized as follows:
(a) Over all six regions together and for the entire dataset, as seen in RBias demonstrate that 3B42 is better than other products over regions 2, 5, and 6. However, the poorest values are estimated by PERSIANN over regions 1 and 4, by 3B42RT over regions 2, 3 and 5 and by CMORPH over Region 6. Also, in terms of rainfall detection, CMORPH indicates better performance over regions 1, 4, 5 and 6, while over regions 2 and 3 PERSIANN estimates are better.
(c) The evaluated results of four satellite data for the winter season summarized in Table 6 show that 3B42 has more accurate estimations of rainfall over all the six studied regions during the winter season. However, the worst results over regions 1, 3, 4 and 5 are associated with PERSIANN, and over regions 2 and 6 with CMORPH. With respect to CSI, PERSIANN, is better in terms of rainfall detection over regions 1, 2, 3, 5 and 6, while 3B42 indicates the highest CSI over Region 4. (d)As seen in Table 7 , compared to the other satellite data, 3B42 product is in better agreement with the gauge data during the spring season over all the six regions. However, CMORPH estimate is as good as 3B42 over Region 5. Furthermore, the poorest results are related to PERSIANN, over regions 1, 3, 4, 5 and 6. Also, the worst estimate over Region 2 is related to 3B42RT. Note that the best estimates of CSI are associated with 3B42 over Region 1, PERSIANN over regions 2, 3 and 5, and 3B42RT over regions 4 and 6. (e) During the summer season in which both the amount and frequency of precipitation show the lowest value, the evaluations indicate that 3B42 is matched best with the gauge data over regions 1, 2, 3 and 4, while CMORPH and PERSIANN imply better estimations over regions 5 and 6, respectively (see Table 8 ). Also, the poorest values of statistical indices are associated with CMORPH over regions 1, 2, 3 and 6, and PERSIANN over regions 4 and 5. In terms of CSI, PERSIANN shows better performance over regions 2, 3, 4 and 6, 3B42RT over Region 1, and CMORPH over Region 5. Finally, based on the above results, the performance of the satellite products with respect to regional characteristics can be interpreted as follows:
(a) In a semi-arid climate, raindrops may evaporate before reaching the surface (Tesfagiorgis et al. 2011) . Therefore, in the northeastern area of Iran (Region 1) under a semi-arid climate, both PERSIANN and 3B42RT led to overestimation (Moazami et al. 2013 ). (b)Along the central part of the Zagros Mountains (some parts of regions 2 and 6), the local orographic effects may lead to positive and/or negative Bias in SREs.
(c) PERSIANN and 3B42RT show overestimation across most parts of the northwestern area (Region 3) and some parts of the Alborz Mountains (Region 2). There are heavy rainfall events, as well as cold weather over these regions, so the overestimation by 3B42RT may be associated with an increase in ice aloft, which is perceived by the MW sensors to be precipitation (Romilly and Gebremichael 2011). (d) In the southern parts close to the Persian Gulf (Region 4), with a warm and tropical climate, the precipitation type is almost always convective. Across this area PERSIANN and CMORPH indicate under/overestimation, which is in agreement with the findings of Hong et al. (2007) . Since PERSIANN is mainly based on IR brightness temperatures, the correlation between IR brightness temperature and rainfall is weak if little water is available in air profiles (Gao and Liu 2013) . Also, Hong et al. (2007) argued that in light precipitation events, PERSIANN has difficulty estimating precipitation in comparatively shallow and warm (i.e. non-ice) convective clouds. However, both TMPA products lead to reasonable estimations over this area (Moazami et al. 2013) .
Conclusions
Satellite rainfall products are increasingly useful sources of datasets for hydrological applications because of their ability to provide continuous coverage of large areas with relatively good temporal resolution. However, due to the indirect nature of satellite products, their estimates are tending to larger errors in comparison with ground-based radar and raingauge precipitation. Hence, in this study the authors focused on comprehensive evaluation of four high-resolution satellite precipitation products over different terrain in Iran. For this purpose the daily rainfall estimates of PERSIANN, TMPA-3B42-V7, TMPA-3B42RT and CMORPH were compared with the corresponding raingauge observations during different seasons. Overall, according to the obtained results, the adjusted TMPA product (3B42) indicates better performance than three other satellite precipitation products over all the studied regions in Iran. However, this study infers that the accurate detection of precipitation over Iran is the main challenge of all the investigated satellite products. Moreover, the results indicate that, in most of the cases, the underestimation by satellite algorithms is quite large at high rainfall ranges. High rainfalls are important for flood hazard management and, hence, the uncertainty analysis in terms of Bias values for various high rainfall ranges over Iran can be examined in future research. It is worthwhile to point out that there are different sources of uncertainty inherent in the verification introduced by the ground station data, and its validity and independence as ground truth. Also, the satellite data aggregation process and changes in satellite configurations during their lifetime may lead to further uncertainties. Therefore, in order to perform a more reliable assessment of satellite techniques and better characterization of their error in Iran, bias reduction approaches and uncertainty analysis of SREs should be Table 8 . Daily averages of all indices for the summer seasons of the study period for satellite products (bold and underline, respectively, indicate the best and worst values of each statistic). investigated over different parts of the country. In addition, the robustness of the findings of this study is largely related to the density of gauges used in the evaluations. Indeed, the lower number of gauges within a pixel will represent the greater uncertainty of areal estimate. Furthermore, over regions with complex terrain and high rainfall gradients (i.e. spatial variability) this uncertainty will be increased. The authors acknowledge that such potential limitations exist in comparison between raingauges (point estimates) and satellite pixels (areal average of 0.25°x 0.25°), particularly over data-sparse regions like Iran. However, it is emphasized that the results derived from this research were based on all available raingauges distributed over the study area. Generally, the findings of this comprehensive evaluation of four widely-used, high-resolution satellite precipitation products will offer hydrologists a better understanding of error characteristics of SREs and their potential applications over different hydroclimatic regions in Iran. Currently, efforts are underway by the authors to provide a more accurate evaluation through (a) separating snow vs rain events in order to assess the impact of precipitation phase on satellite products over Iran; (b) analysing the error of satellite estimations for various types of rainfall regimes (stratiform, convective and orographic) which occurr over different areas of Iran; (c) using satellite precipitation estimations as forcing data in hydrologic in models in order to simulate streamflow and assess the impact of satellite estimation error from the hydrological perspective over different basins in Iran.
